a2 United States Patent

Yoon et al.

US009275304B2

US 9,275,304 B2
Mar. 1, 2016

(10) Patent No.:
(45) Date of Patent:

(54) FEATURE VECTOR CLASSIFICATION
DEVICE AND METHOD THEREOF

(75) Inventors: Sanghun Yoon, Dacjeon (KR); Chun-Gi
Lyuh, Daejeon (KR); Ik Jae Chun,
Daejeon (KR); Jung Hee Suk, Daejeon
(KR); Tae Moon Roh, Daejeon (KR)

(73) Assignee: ELECTRONICS AND
TELECOMMUNICATIONS
RESEARCH INSTITUTE, Daejeon
(KR)

(*) Notice: Subject to any disclaimer, the term of this

patent is extended or adjusted under 35
U.S.C. 154(b) by 480 days.

(21)  Appl. No.: 13/494,906

(22) Filed: Jun. 12,2012

(65) Prior Publication Data
US 2013/0103620 Al Apr. 25,2013

(30) Foreign Application Priority Data

Oct. 19,2011  (KR) oo 10-2011-0106863

(51) Imt.ClL
GO6K 9/62
GO6N 99/00

(52) US.CL
CPC ............ GO6K 9/6228 (2013.01); GO6K 9/6269

(2013.01); GO6N 99/005 (2013.01)

(58) Field of Classification Search
CPC .. GO6K 9/6228; GO6K 9/6269; GO6N 99/005
See application file for complete search history.

(2006.01)
(2010.01)

(56) References Cited
U.S. PATENT DOCUMENTS

6,249,781 B1* 6/2001 Sutton .................... 706/25
6,327,581 B1* 122001 Platt ......ccoovvviiiiinnnnn 706/12
7,542,959 B2* 6/2009 Barnhilletal. ... 706/48
8,095,483 B2* 1/2012 Westonetal. ................ 706/12
2005/0105794 Al* 5/2005 Fung ... ... 382/159
2008/0033899 Al* 2/2008 Barnhilletal. .............. 706/48

FOREIGN PATENT DOCUMENTS

KR 10-2006-0068541 A 6/2006
OTHER PUBLICATIONS

Simola, Alex J. et al.; “A tutorial on support vector regression”; 2004;
Kluwer Academic Publishers; Statistics and Computing 14; pp. 199-
222.%

Smola, Alex J. et al.; “A tutorial on support vector regression”; 2004;
Kluwer Academic Publishers; Statistics and Computingl4; pp. 199-
22.*

Hsu, Chih-Wei et al.; “A Practical Guide to Support Ventor Classifi-
cation”; 2010; Dept. of Computer Science, National Taiwan Univer-
sity; pp. 1-16.*

Kiri L. Wagstaff et al., “Progressive refinement for support vector
machines”, Data Min Knowl Disc 20, 2010, pp. 53-69, Springer.

* cited by examiner
Primary Examiner — Alan Chen

(57) ABSTRACT

Disclosed is a feature vector classification device which
includes an initial condition setting unit; a variable calculat-
ing unit configured to receive a training vector and to calcu-
late an error and a weight according to setting of the initial
condition setting unit; a loop deciding unit configured to
determine whether re-calculation is required, based on a com-
parison result between the calculated error and an error
threshold; and a hyperplane generating unit configured to
generate a hyperplane when an end signal is received from the
loop deciding unit.
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Fig. 5

Parameters Value
HOG Cell size 8x8 pixel
Block size 2x2 cell(16x16 pixel)
Over lap 1 cell size
Normalize L2-Hys
Local vector dim 36
Descriptor dim 36x7x15=3,780
LBP Radius 1
Max i mum 2
Transitions
# of samples 8
Block size 16x16
Normalize L2-Hys
Local vector dim 59

Descriptor dim

59x4x8=1,888
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Fig. 6
LSWM AddBoost Reduction
# of HOG 3,780 1,352 64.2%
mul .
per |HOG-LBP 5,668 2,042 64.0%
win.
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FEATURE VECTOR CLASSIFICATION
DEVICE AND METHOD THEREOF

CROSS-REFERENCE TO RELATED
APPLICATIONS

A claim for priority under 35 U.S.C. §119 is made to
Korean Patent Application No. 10-2011-0106863 filed Oct.
19,2011, in the Korean Intellectual Property Office, the entire
contents of which are hereby incorporated by reference.

BACKGROUND

The inventive concepts described herein relate to a feature
vector classification device and a method thereof.

Feature vector classification may be one of critical factors
to determine performance and speed of the recognition tech-
nique. A support vector machine (hereinafter, referred to as
SVM) may be one of manners used to classify and recognize
objects using machinery, and may be widely used thanks to its
excellent performance.

However, a larger number of support vectors may be stored
through nonlinear kernel to express high complexity using the
SVM. Also, complicated operations may be required between
input vector and support vector. Much hardware for parallel
processing may be required to process the complicated opera-
tions in real time. That is, it is difficult to realize embedded
system.

The complexity of operations can be simplified by a
method of reducing the number of support vectors. With the
method, classification performance may be seriously low-
ered.

SUMMARY

One aspect of embodiments of the inventive concept is
directed to provide a feature vector classification device
which comprises an initial condition setting unit; a variable
calculating unit configured to receive a training vector and to
calculate an error and a weight according to setting of the
initial condition setting unit; a loop deciding unit configured
to determine whether re-calculation is required, based on a
comparison result between the calculated error and an error
threshold; and a hyperplane generating unit configured to
generate a hyperplane when an end signal is received from the
loop deciding unit.

In example embodiments, an error calculated by the vari-
able calculating unit is a normalized mean square error.

In example embodiments, the variable calculating unit
expands and calculates the training vector.

Another aspect of embodiments of the inventive concept is
directed to provide a feature vector classification method
comprising setting an initial condition; receiving a training
vector; selecting features of the training vector one by one to
calculate an error and a weight; determining an error, satis-
fying a specific condition, from among the calculated errors;
and comparing the specific error value with an error threshold
to judge whether or not to generate a hyperplane.

In example embodiments, the initial condition includes the
error threshold and a minimum feature number of the training
vector.

In example embodiments, comparing the specific error
value with an error threshold to judge whether or not to
generate a hyperplane comprises iteratively calculating an
error and a weight when the specific error value is larger than
the error threshold, iteratively calculating an error and a
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weight including increasing a feature number of the training
vector to further select one feature of the training vector.

In example embodiments, comparing the specific error
value with an error threshold to judge whether or not to
generate a hyperplane comprises generating a hyperplane
using the selected features and the calculated weight with
respect to the specific error, when the specific error value is
smaller than the error threshold.

In example embodiments, the error satisfying a specific
condition is an error having a minimum value from among the
calculated errors.

In example embodiments, the error is a normalized mean
square error.

In example embodiments, the feature vector classification
method further comprises setting a criticality upon setting of
the error threshold.

In example embodiments, the feature vector classification
method further comprises generating a comparison error
using the minimum error, the error threshold being compared
with the comparison error instead of the minimum error.

In example embodiments, the training vector is expanded
and calculated.

In example embodiments, the error and the weight are
calculated when a distribution of the training vector is a
Gaussian distribution.

BRIEF DESCRIPTION OF THE FIGURES

The above and other objects and features will become
apparent from the following description with reference to the
following figures, wherein like reference numerals refer to
like parts throughout the various figures unless otherwise
specified, and wherein

FIG. 1is a flowchart illustrating a feature vector classitying
method according to an embodiment of the inventive concept.

FIG. 2 is a conceptual diagram schematically illustrating a
feature vector classification device according to another
embodiment of the inventive concept.

FIG. 3 is a flowchart illustrating a feature vector classifi-
cation method according to an embodiment of the inventive
concept.

FIG. 4 is a flowchart illustrating a feature vector classifi-
cation method according to another embodiment of the inven-
tive concept.

FIG. 5 is atable illustrating parameters used to measure the
complexity of calculation using a HOG-LBP descriptor.

FIG. 6 is a table illustrating the number of multiplication
operations when HOG and HOG-LBP descriptors are used
according to parameters in FIG. 5.

FIG. 7 is a diagram illustrating a simulation result of a miss
detection rate on a false positive per window.

DETAILED DESCRIPTION

Embodiments will be described in detail with reference to
the accompanying drawings. The inventive concept, however,
may be embodied in various different forms, and should not
be construed as being limited only to the illustrated embodi-
ments. Rather, these embodiments are provided as examples
so that this disclosure will be thorough and complete, and will
fully convey the concept of the inventive concept to those
skilled in the art. Accordingly, known processes, elements,
and techniques are not described with respect to some of the
embodiments of the inventive concept. Unless otherwise
noted, like reference numerals denote like elements through-
out the attached drawings and written description, and thus
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descriptions will not be repeated. In the drawings, the sizes
and relative sizes of layers and regions may be exaggerated
for clarity.

It will be understood that, although the terms “first”, “sec-
ond”, “third”, etc., may be used herein to describe various
elements, components, regions, layers and/or sections, these
elements, components, regions, layers and/or sections should
not be limited by these terms. These terms are only used to
distinguish one element, component, region, layer or section
from another region, layer or section. Thus, a first element,
component, region, layer or section discussed below could be
termed a second element, component, region, layer or section
without departing from the teachings of the inventive con-
cept.

Spatially relative terms, such as “beneath”, “below”,
“lower”, “under”, “above”, “upper” and the like, may be used
herein for ease of description to describe one element or
feature’s relationship to another element(s) or feature(s) as
illustrated in the figures. It will be understood that the spa-
tially relative terms are intended to encompass different ori-
entations of the device in use or operation in addition to the
orientation depicted in the figures. For example, if the device
in the figures is turned over, elements described as “below” or
“beneath” or “under” other elements or features would then
be oriented “above” the other elements or features. Thus, the
exemplary terms “below” and “under” can encompass both
an orientation of above and below. The device may be other-
wise oriented (rotated 90 degrees or at other orientations) and
the spatially relative descriptors used herein interpreted
accordingly. In addition, it will also be understood that when
a layer is referred to as being “between” two layers, it can be
the only layer between the two layers, or one or more inter-
vening layers may also be present.

The terminology used herein is for the purpose of describ-
ing particular embodiments only and is not intended to be
limiting of the inventive concept. As used herein, the singular
forms “a”, “an” and “the” are intended to include the plural
forms as well, unless the context clearly indicates otherwise.
It will be further understood that the terms “comprises” and/
or “comprising,” when used in this specification, specify the
presence of stated features, integers, steps, operations, ele-
ments, and/or components, but do not preclude the presence
or addition of one or more other features, integers, steps,
operations, elements, components, and/or groups thereof As
used herein, the term “and/or” includes any and all combina-
tions of one or more of the associated listed items. Also, the
term “exemplary” is intended to refer to an example or illus-
tration.

It will be understood that when an element or layer is
referred to as being “on”, “connected to”, “coupled to”, or
“adjacent to” another element or layer, it can be directly on,
connected, coupled, or adjacent to the other element or layer,
or intervening elements or layers may be present. In contrast,
when an element is referred to as being “directly on,”
“directly connected to”, “directly coupled to”, or “immedi-
ately adjacent to” another element or layer, there are no inter-
vening elements or layers present.

Unless otherwise defined, all terms (including technical
and scientific terms) used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which this inventive concept belongs. It will be further under-
stood that terms, such as those defined in commonly used
dictionaries, should be interpreted as having a meaning that is
consistent with their meaning in the context of the relevant art
and/or the present specification and will not be interpreted in
an idealized or overly formal sense unless expressly so
defined herein.
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FIG. 1is a flowchart illustrating a feature vector classitying
method according to an embodiment of the inventive concept.
A vector classifying method in FIG. 1 may be based on an
SVM algorithm. The SVM may be based on structural risk
minimization to classify feature vectors by a class unit.

Referring to FIG. 1, in operation S10, a training vector may
be received to classify feature vector. Herein, the training
vector may be a sample vector that is previously investigated
to classify classes. A set X of N training vectors may be
expressed by the following equation 1.

M

In the equation 1, x, may indicate a training vector having
d features. Each feature may be an element indicating a pre-
viously normalized feature to classify vectors, and y, may
indicate a class of a training vector X,.

In operation S20, a support vector and its weight may be
selected from a training vector using a predetermined kernel
algorithm. The support vector may be a vector for determin-
ing a hyperplane (or, a decision surface) selected between
training vectors.

In operation S30, a hyperplane for classifying a feature
vector may be generated using the support vector and the
weight. Herein, the hyperplane may be a weighted combina-
tion formed of a sum of support vectors multiplied with the
weight. Thus, it is necessary to calculate a support vector and
a corresponding weight to make a hyperplane using the SVM.
A process of generating the hyperplane to classity feature
vectors may be referred to a training process.

A linear support vector machine (hereinafter, referred to as
LSVM) may be the simplest kernel algorithm. The complex-
ity of calculation on a training process using the LSVM may
be proportional to the product of the number of support vec-
tors and a support vector dimension. Thus, although a simple
structure is used, the number of support vectors or the dimen-
sion must be reduced to shorten a time taken at a feature
vector classification process. However, a decrease in the num-
ber of support vectors may cause a sharp decrease in the
accuracy of a hyperplane function. Another embodiment of
the inventive concept may be related to propose an algorithm
in which the dimension of a training vector used to solve the
above-described problem is minimized to reduce the com-
plexity of calculation and the efficiency is simultaneously
improved.

FIG. 2 is a conceptual diagram schematically illustrating a
feature vector classification device according to another
embodiment of the inventive concept.

Referring to FIG. 2, a feature vector classification device
according to another embodiment of the inventive concept
may include an initial condition setting unit 110, a variable
calculating unit 120, a loop deciding unit 130, and a hyper-
plane generating unit 140.

The initial condition setting unit 110 may be configured to
set an initial condition of a training process. The initial con-
dition setting unit 110 may set an error threshold, and may set
aninitial value k on number of features of training vector to be
used for hyperplane generation. The initial condition setting
unit 110 may also set an initial value of an error value t and a
criticality .

The error threshold may be a reference value for determin-
ing whether or not to generate the hyperplane after training is
ended. The lower the error threshold, the higher the classifi-
cation accuracy of the generated hyperplane. However, the
lower the error threshold, the longer a time taken to calculate
a training process.

The value k may be a dimension of a training vector to be
used to generate the hyperplane. That is, the value k may

X={ Gy, v (0 32) - (s p)) X € R



US 9,275,304 B2

5

indicate the number of features of a training vector to be used
to generate the hyperplane. The larger the value k, the higher
the complexity. On the other hand, the larger the value k, the
higher the classification performance An initial value of the k
may be set to ‘1’ when it is not set by the initial condition
setting unit 110.

The value t may be an error value, and may indicate the
accuracy of judgment. The value t may be calculated through
the mean square error. An initial value of the t may be set to
‘o0’ when it is not set by the initial condition setting unit 110.

The value ¢ may be a constant for determining the critical-
ity between a false positive probability and miss detect prob-
ability. A detection feature of the hyperplane may be adjusted
by controlling the value .

The variable calculating unit 120 may receive values set by
the initial condition setting unit 110. The variable calculating
unit 120 may receive a training vector. The variable calculat-
ing unit 120 may calculate a weight o on a training vector for
hyperplane generation and a corresponding value t within the
set values. The weight may be calculated such that the gen-
erated hyperplane has a minimum mean square error (here-
inafter, referred to as MSE).

Upon selecting of (k-1) features, a weight on a training
vector may be previously calculated with respect to the fea-
ture number k of the training vector used at a current loop. The
variable calculating unit 120 may further select a new training
vector feature (e.g., an mth feature). The variable calculating
unit 120 may calculate values o and t respect to the selected
k features. The variable calculating unit 120 may perform the
above-described operation with respect to all selectable fea-
tures.

In example embodiments, it is assumed that there are two
vector classes: TRUE and FALSE. At this time, a TRUE
vector and a FALSE vector may be distributed according to
the Gaussian distribution. Herein, the TRUE vector may be
such a vector that a class is TRUE, and the FALSE vector may
be such a vector thata class is FALSE. The following equation
2 may indicate an error value t that is calculated to have a
minimum MSE. However, the inventive concept is not limited
thereto.

1M " 1 M " 2)
ﬁ; (for = fr)" + )(N—Fnz:; (fuF = fF)

(fr=fr)?

1=

In the equation 2, an error value t may be calculated using
a normalized MSE. The smaller the error value t, the higher
the accuracy of judgment. Thus, it is necessary to set the error
value t to a possible small value for improvement of classifi-
cation efficiency of the hyperplane.

In the equation 2, N, may indicate the number of TRUE
vectors. N may indicate the number of FALSE vectors. fy; -
may indicate a decision variable of an nth TRUE vector, and
1, - may indicate a decision variable of an nth FALSE vector.
f; may be a mean value of decision variables of the TRUE
vectors f, . {- may be a mean value of decision variables of
the FALSE vectors f, . The decision variable may be used to
judge whether a vector is TRUE or FALSE.

It is assumed that the variable calculating unit 120 further
selects an mth feature of a training vector in addition to (k-1)
features. fn,T(k) may be a decision variable of an nth FALSE
vector when the number of features of a training vector is k.
£, f(k) may be a decision variable of an nth FALSE vector
when the number of features of a training vector is k. The
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decision variables fn AP and f, - © may be calculated accord-
ing to the following equation 3 Wlth respect to decision vari-
ables fn,T(k"l) and £, f(k"l) of'a previous loop ((k-1) features).

B_p G-l B_p G-l
fn,T( )*fn,T( )+0"gn,m,Tlf;1,F( )*fnf( )+agn,mf (3)

In the equation 3, ag,, ,, r may indicate a value of an mth
feature of an nth TRUE vector, and ag,, ,, » may indicate a
value of an mth feature of an nth FALSE vector. . may be a
weight on an nth vector. When the number of features of a
current training vector is k, f, and f. may be calculated
according to the following equations 4, 5, and 6.

Nr @)

k-1 k-1
Z ¢ )+018an f7(' )+0/gm,r
el

(k)

Z f(k)

NE ®)
—Z 0 b agmr) = 570 agnr

ol

@ _
=

Z (k)

©

1 Nt NF
&mT = N_TZ EnmT §mF = Zgn,m,F
n=1 n=1

In the equations 4, 5, and 6, £, may be a mean value of a
decision variable of TRUE vectors f,, - ® when the number of
features of a current training vector is k £, may be a mean
value of a decision variable of FALSUE vectors f, f(k) when
the number of features of a current training vector is k.

Thus, an error value t and a weight value o on a hyperplane
decided by an added feature may be expressed by the follow-
ing equations 7 and 8.

1M R 1 M R @)
7 D Uk = 0 x> Uy = 1)
=l =l
=
(-7

B ac® + 2ba + ¢
T (ga+sP
_ (bs—cqg) (8)
"~ (as—bg)

In the equations 7 and 8, a, b, ¢, q, and s may be variables
defined for ease of calculation, and may be expressed by the
following equations 9 to 13, respectively.

1M N R )
= N_TZ; T +XN Z Hyp
M o 1 M b (10)
b= N—T;(Gm,r Hm,T)+XN_F;(Gm,F Hyr)
W, (1D
1 & 2
G by =3 gl
Z XNF; F
9=H,,, = 1 &m.F 12
§=G,FD=fFD_f 61 13)
In the equations 9 to 13, H, » H, - G, A0 and
G (k‘l) may be expressed by the following equations 14 to
mF y p y g eq
17.
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H,, 178 m,1=&m.T (14)

15

Hmf:gn,mrgmf

=1 _g (-1 =1
Gm,T( )*fn,T( )_fT( )

16)

G, J:(kfl): £, J:(kfl)_ fF(kfl)

The variable calculating unit 120 may calculate an error
value t and a corresponding weight o when a feature is added
with respect to a feature of a training vector that is not selected
previously. The variable calculating unit 120 may judge a
minimum error t,,,, having a minimum value from among
calculated error values t, and may judge a feature m and a
weight a.,,,.

The loop deciding unit 130 may compare the minimum
error t,,.., with a designated error threshold. When the mini-
mum error t,,,, is larger than the designated error threshold,
the loop deciding unit 130 may provide the variable calculat-
ing unit 120 with a command for increasing a feature number
k of a predetermined training vector. In connection with the
changed value k, the variable calculating unit 120 may repeat
the above-described calculation of values o and t in response
to the command from the loop deciding unit 130.

If the minimum error t,,,, is smaller than the error thresh-
old, the loop deciding unit 130 may provide the hyperplane
generating unit 140 with the calculated weight a on the
selected feature. The hyperplane generating unit 140 may
generate a hyperplane using the provided information, and a
training process may be ended.

It is difficult to judge whether an error value converges on
a desired result, based on a comparison result between the
minimum error t,,,, and the error threshold. Thus, the loop
deciding unit 130 may calculate a comparison error t; instead
of the minimum error. The comparison error t, may be a
difference between the minimum error t,,,,, and a minimum
error t_prev of a previous loop (when a feature number of a
training vector is (k-1)). The loop deciding unit 130 may
compare the comparison error t, with the error threshold to
judge whether an error value converges on a desired result.
Thus, it is possible to obtain a stable result.

Thus, the feature vector classification device 100 of the
inventive concept may be configured to increase a feature
number of a training vector to be used to generate a hyper-
plane one by one until a desired accuracy is obtained. At this
time, a feature may be added such that a minimum error
gradually increases. As a result, the feature vector classifica-
tion device 100 of the inventive concept may provide a hyper-
plane with low complexity and high accuracy through a mini-
mum training vector dimension.

Also, when a training vector dimension (i.e., a feature
number of a training vector to be used) is reduced, a calcula-
tion time may be shortened, while the performance is lowered
compared with SVM. For this reason, there may be required
a method for compensating for the above-described draw-
back. When a training vector is provided to a variable calcu-
lating unit 120, it may be expanded and used without using of
an original training vector. Thus, the performance may be
improved. For example, when an original training vector is
[(x)], it may be expanded into [(x), (X)2, (X)3, e(x), etc.].

FIG. 3 is a flowchart illustrating a feature vector classifi-
cation method according to an embodiment of the inventive
concept. In operation S110, an initial condition of a training
process may be set. The initial condition may include an error
threshold th, a feature number k of a training vector to be used,
and an error t. A criticality ¢ can be included in the initial
condition.
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In operation S120, a training vector may be received to
generate a hyperplane. At this time, the training vector can be
expanded over a previously set value.

When a feature number of a training vector to be used is
(k-1), a weight and an error may be calculated in advance. In
operation S130, a feature may be selected under the condition
that a feature (e.g., an mth feature) is added. In operation
S140, a weight having a minimum MSE on the selected
features and a corresponding error may be calculated as
described above. In operation S150, there may be judged
whether the above-described operation is performed with
respect to all features of a training vector that is not selected
in advance.

Then, an error value, having the smallest value, from
among the calculated error values may be selected (minimum
errort,,,,). A feature and a weight corresponding to the mini-
mum error may be judged in operation S160.

In operation S170, the minimum error may be compared
with a predetermined error threshold. When the error thresh-
old is smaller than the minimum error, the method proceeds to
operation S175, in which a value k increases by one. After-
wards, the method proceeds to operation S130.

When the error threshold is larger than the minimum error,
the method proceeds to operation S180, in which whether a
desired condition is achieved is judged and a hyperplane is
generated using the calculated weight.

FIG. 4 is a flowchart illustrating a feature vector classifi-
cation method according to another embodiment of the inven-
tive concept. A feature vector classification method in FIG. 4
may be similar to that in FIG. 3 except that a comparison error
is used instead of a minimum error, and similar operations are
thus marked by similar reference numerals. As described
above, the accuracy of a feature vector classification method
may be improved by calculating a comparison error instead of
aminimum error. Operation S210 may further include setting
an initial value of a previous minimum error t_prev. Also, in
operation S270, a comparison error may be calculated instead
of'a minimum error, and a calculated result may be compared
with an error threshold. Also, operation S275 may further
include substituting a current minimum error t,,, with the
previous minimum error t_prev.

FIG. 5 is atable illustrating parameters used to measure the
complexity of calculation using a HOG-LBP descriptor.

FIG. 6 is a table illustrating the number of multiplication
operations when HOG and HOG-LBP descriptors are used
according to parameters in FIG. 5. Herein, a manner accord-
ing to the inventive concept may be referred to as AddBoost.
Referring to FIG. 6, compared with a conventional LSVM
manner, the number of operations performed according to a
manner of the inventive concept may be reduced over about
64%.

FIG. 7 is a diagram illustrating a simulation result of a miss
detection rate on a false positive per window. In FIG. 7, K may
indicate a feature number of a training vector, and X may
indicate the number of training vectors. Referring to FIG. 7,
compared with a conventional LSVM, a classification
method of the inventive concept may show an excellent result
with respect to both HOG-LBP and HOG.

While the inventive concept has been described with ref-
erenceto exemplary embodiments, it will be apparent to those
skilled in the art that various changes and modifications may
be made without departing from the spirit and scope of the
present invention. Therefore, it should be understood that the
above embodiments are not limiting, but illustrative.
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What is claimed is:

1. A feature vector classification method comprising:

receiving a training vector having a number k of features, k

being a positive integer;

selecting the features of the training vector one by one and

calculating an error value and a weight for the selected
feature of the training vector;

determining an error value having a minimum value from

among the calculated error values; and
comparing the determined error value with an error thresh-
old to judge whether or not to generate a hyperplane,

wherein the training vector is a sample vector that is pre-
viously investigated to classify classes of feature vec-
tors,

wherein a feature is an element indicating a previously

normalized feature to classify the classes of the feature
vectors,

wherein, when there are two vector classes of TRUE and

FALSE, the error value is calculated based on decision
variables of a TRUE vector and a FALSE vector, and
wherein the weight is calculated from the training vector

using a predetermined kernel algorithm.

2. The feature vector classification method of claim 1,
wherein, if the determined error value having the minimum
value is determined to be larger than the error threshold as a
comparison result, the selecting step, the determining step,
and the comparing step are repeated for a new feature of the
training vector, the new feature being added by increasing the
number k by 1.

3. The feature vector classification method of claim 1,
further comprising generating the hyperplane using the
selected feature corresponding to the determined error value
and the calculated weight with respect to the determined error
value ifthe determined error value is determined to be smaller
than the error threshold.

4. The feature vector classification method of claim 1,
further comprising:

determining a criticality upon deciding of the error thresh-

old.

5. The feature vector classification method of claim 4,
wherein the TRUE vector and the FALSE vector are distrib-
uted according to a Gaussian distribution, the error value t is
calculated as follows:

1 Nt R 1 Np R
N—TZI (fur — ) +XN—F; (fur — 1)
- (fr = fr)?

wherein N indicates a number of TRUE vectors, N indi-
cates a number of FALSE vectors, f, , indicates a deci-
sion variable of an nth TRUE vector, and 1, indicates a
decision variable of an nth FALSE vector, f, indicates a
mean value of decision variables of the TRUE vectors
f, 1. frindicates a mean value of decision variables of the

7,

FALSE vectors f, ., and a valueyrepresents the critical-

ity.
6. The feature vector classification method of claim 5,
wherein the decision variable of the nth TRUE vector when
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the number of features of the training vector is k is calculated
as follows:

fn,T(k) :\fn,T(ki 1)+agn,m,Txf;l,F(k):f;lF(k7 1)+0"gn,m,F

wherein f, represents the decision variable of the nth
TRUE Vector, f, .~ F Prepresents a decision variable of the
nth FALSE vector when the number of features of the
training vector is k, fn,T(k"l) and f, f(k"l) represent deci-
sion variables of a previous loop in which the training
vector has (k-1) features, ag, ,, rindicates a value of an
10 mth feature of the nth TRUE vector, and og, , - indi-
cates a value of an mth feature of the nth FALSE vector,

and a represents a weight on an nth vector.
7. The feature vector classification method of claim 6,
wherein the weight a is calculated using the following equa-

15 tions:

_ (bs—cg)
" (as—bg)
20 Ny Np

:NLT; T+XN ZHiF

n=1

Ny s
Z Gt Hnr) + x5 2 (O )

25 n=l
N
1 & k-1)2 Gk~ 1)2
= N—TZ G Z G
=l
§=Hpg = gnr — &nF
30
5= D o D _ gl
Hont = 8umt = 87> Hnr = Gomp = gmp> oot = S = 70,
and
(= (] -1
59 it = 50— 180,
1 &
N—T; &nm,T
40 1 &
8mF = N—F; 8nm,F-

8. The feature vector classification method of claim 1,

45 further comprising:

generating a comparison error value by calculating a dif-

ference between the determined error value having the
minimum value and an error value obtained when the
training vector has a (k-1) number of features, the error

50 threshold being compared with the comparison error
value instead of the determined error value.

9. The feature vector classification method of claim 1,
further comprising expanding the training vector into a plu-
rality of expanded training vectors,

55  wherein the selecting step, the determining step, and the
comparing step are performed using the expanded train-
ing vectors instead of the training vector.

10. The feature vector classification method of claim 1,
wherein the error value and the weight are calculated when a

6o distribution of the training vector is a Gaussian distribution.
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